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Anticipated climate change and increasing wood demand require dependable diameter
growth models for adaptive forest management. We used a mixed-effects modeling approach
with Forest Inventory and Analysis (FIA) data to fit diameter growth models for loblolly pine,
other softwood species (slash pine, shortleaf pine, and longleaf pine), sweetgum, and other
hardwood (southern red oak, red maple, and water oak) species. Climatic variables coupled with
individual tree attributes and competition factors improved climate insensitive models. Growth
of loblolly pine and sweetgum was positively correlated with mean temperature of the coldest
month. Mean temperature of the warmest month negatively influenced diameter growth of
loblolly pine and other hardwood species. Growing season precipitation and summer
precipitation balance had negative effects on the growth of softwood and hardwood species,
respectively. Inclusion of FIA plot as random effect improved model fit statistics and residual
distribution of climate sensitive models. These findings will be useful to managers for
recalibrating diameter growth models resulting in improved biomass yield and volume estimates
that will better inform decisions.
Keywords: climate change, diameter growth, FIA, loblolly pine, mixed-effects model.
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CHAPTER I
BACKGROUND
1.1

Introduction
Forest management decisions are based on current and future resource conditions that

require accurate predictions of growth and yield (Poudel and Cao 2013). Growth and yield
models are functions of current stand conditions that allow projections of volume into the future
(Weiskittel et al. 2011). These models are useful tools for inventory updates and support decision
making by providing information for selecting appropriate silvicultural and management
practices (Burkhart and Tomé 2012). Among these models, individual tree distance independent
diameter growth models are widely used as they do not require spatial coordinates of all trees in
the stand (Lessard et al. 2001). They are more flexible, inexpensive, and can characterize growth
accurately under a range of stand conditions (Weiskittel et al. 2011).
Many diameter growth models have been developed (Teck and Hilt 1991; Weiskittel et
al. 2007; Budhathoki et al. 2008) and several predictor variables, such as diameter at breast
height (DBH), total tree height, crown ratio, crown diameter, and crown area (Maguire et al.
1994) have been considered in such models. The selection of such predictor variables depends on
study objectives and the species of interest (Weiskittel et al. 2011). In the past, variables
explaining initial tree size, competitions, and stand structure have been used and performed well
across the range of stands (Lessard et al. 2001; Cao et al. 2002; Budhathoki et al. 2008).
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As forests are sensitive to temperature and precipitation, changing climate will likely
affect future timber supply, biodiversity, and species distribution (Oboite and Comeau 2021).
Combining diameter growth models with potential future climate change scenarios over the next
50 years in 12 states of the southern USA, Huang et.al (2011) found a significant spatial
variation in species growth. The general trend was the northward expansion of loblolly pine
plantations in the future in response to climate change. Understanding the potential impacts of
climate change on forest growth is important because it helps forest managers in the
determination of existing resources, their scientific management, and sustainable use. Thus, this
study focused on developing diameter growth models by combining forest data and climatic
variables for major tree species in Mississippi.
1.2

Justification
Forests in Mississippi are defined by considerable variation in species composition, stand

structure, and site quality (Mississippi Forestry Commission 2020). Fifty-eight percent of the
forested area in Mississippi consists of large diameter stands with large diameter trees defined as
the trees with one-third or more of the gross board-foot volume in the entire sawlog portion and
meet the grade, soundness, and size requirements of one 12-foot log or two noncontiguous 8-foot
merchantable logs (Oswalt 2019). In 2020, $1.2 billion worth of forest products (e.g., pine and
hardwood sawlogs, poles, pine chips) were delivered to mills in Mississippi (Measells and Auel
2022). Oswalt (2019) reported that, in Mississippi, trees with a diameter at breast height (DBH)
greater than 12.7 cm contain 1.05 billion cubic meters of wood volume and 2 billion tons of
biomass. Therefore, the study of forest growth and yield is critical to support informed decision
making under varying silvicultural activities, harvesting schedules, climatic conditions, and
species compositions.
2

To date, in the southern USA, forest growth and yield studies have been conducted on
DBH growth and mortality models (Zhao et al. 2004), tree volume and biomass equations
(Oswalt and Conner 2011; Woodall et al. 2011), and tree diameter-height relationships
(Budhathoki et al. 2008). However, studies to understand forest growth better and predict the
effect of climate change in species-rich and uneven-aged forests of Mississippi are scarce.
Anticipated climate change, approximately 2°C above the preindustrial baseline (Smith et al.
2017), will have significant impacts on tree growth (Peterson and Peterson 2001), interspecific
competitions (Hamann and Wang 2006), and consequently on timber supply. Therefore, the
inclusion of climatic variables in the model has become a crucial part of diameter growth model
development (Oboite and Comeau 2021).
1.3

Objectives
The overall goal of this study was to develop individual tree distance independent climate

sensitive diameter growth models for major tree species in Mississippi. The specific goals were
to:
1)

Develop species-specific climate insensitive diameter growth models for loblolly
pine (Pinus taeda) and sweetgum (Liquidambar styraciflua).

2)

Develop species group-specific climate insensitive diameter growth models for
softwood species (slash pine (Pinus elliottii), longleaf pine (Pinus palustris), and
shortleaf pine (Pinus echinata)) and hardwood species (water oak (Quercus
nigra), southern red oak (Quercus falcata), and white oak (Quercus alba)).

3)

Enhance climate insensitive models by using climatic variables and compare their
predictive ability with the climate insensitive variant.
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CHAPTER II
LITERATURE REVIEW
Forest growth and yield models are required forest management tools (Lessard et al.
2001). Developing and validating these models is critical to provide a better understanding of
forest productivity, increment, the effect of silvicultural treatments, and inventory (Vanclay
1994). Generally, future yields are affected by species, site conditions, forest management
regimes, and other climate factors (Fujimori 2001) which can be modeled at the stand, size-class,
and individual tree-level (Weiskittel et al. 2011). Few details are needed to simulate growth
using stand-level models. They provide general information about the future stand and predict
future yields as a function of stand-level attributes, such as stand age, site index, and stand
density (Poudel and Cao 2013). Individual-tree-level models predict and project single-tree
growth processes. These models incorporate flexible tree growth processes and are robust in
predicting tree growth under various conditions (Weiskittel et al. 2011). The individual-tree
models can also predict volume and other parameters in each diameter class within a stand, by
summarizing individual-tree estimates (Sun et al. 2019).
Based on the requirement of the spatial location of trees, individual-tree growth models
can be sub-grouped into distance-dependent tree models where the tree location is known and
distance-independent tree models where the tree location is unspecified (Porté and Bartelink
2002). For most inventory data, spatial information from mapped tree locations is not available.
Additionally, collecting data to develop distance-dependent models is cost-intensive and is
4

limited to smaller plots. Thus, distance-independent tree models have been used widely for
growth and yield predictions (Wykoff 1990; Sterba et al. 2002; Yang et al. 2003).
Distance-independent tree models often consist of equations that can predict diameter
increment, height increment, and mortality (Weiskittel et al. 2011). Generally, these equations
are species-specific, however, growth models for a group of species have also been developed
when multiple species are present (eg., Vanclay 1991). Similarly, McTague et al. (2008)
developed a growth model when data for some species is scarce. Even though growth occurs
throughout a tree, changes in tree diameter are crucial for foresters because tree DBH is easy to
measure and has a strong relationship with other tree attributes such as height, volume, biomass,
and carbon (Hann and Weiskittel 2010).
Predicting diameter growth is a basic and essential part of forest growth modeling.
Developing and validating diameter growth models helps predict future yields, identifying
suitable silvicultural solutions for the production and conservation of individual trees and forest
populations (Ma and Lei 2015). Diameter growth can be predicted as an annual increment
(Weiskittel et al. 2007), squared diameter increment (Wykoff 1990), basal area increment
(Budhathoki et al. 2008), and relative diameter increment (Yue et al. 2008). Even though
diameter growth can be predicted in a different form, West (1980) found no difference in
predicting short-term growth (1-6 years) of pure and mixed stands of even-aged, regrowth forest
of Eucalyptus regnans, E. obliqua, and E. globulus, and even-aged hardwoods (Acer saccharum,
Fraxinus americana, and Prunus serotina) stand using diameter increment or basal area
increment as a dependent variable. Wykoff (1990) used squared diameter inside bark as the
dependent variable which later can be transformed to an estimate of diameter growth.
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Based on the available data and biological processes associated with tree growth, several
potential predictor variables have been used to develop distance independent individual tree
diameter growth model. Initial tree size, usually represented by DBH, is a good predictor
variable in most diameter growth models, and thus, has been widely used in modeling processes
(Wykoff 1990; Lessard et al. 2001; Zhao et al. 2004). Growth models including DBH and the
square of DBH as predictor variables account for the peak behavior of the growth curve
(Weiskittel et al. 2011), which is the tendency of basal area growth to reach a maximum early in
the life of the tree and then slowly decrease, approaching zero as the tree matures (Wykoff et al.
1982).
Crown ratio (CR) is the ratio of live crown length to tree height. It is another commonly
used predictor variable because it reflects tree size and vigor, vertical position within the stand,
and stand density (Wykoff 1990). Hann et al. (2003) found that CR is an effective predictor of
diameter growth for both deciduous and conifer species in coastal Oregon and Washington. The
increment reached by the individual tree is also dependent on its competitive status relative to its
neighbors. Stage (1973) proposed percentile in the distribution of tree basal area (PCT) as an
indicator of relative tree size and used PCT as one of the predictor variables in a diameter growth
model.
In mixed-species and uneven-aged stands, the plot basal area of the trees larger than the
subject tree (PBAL) is easy to calculate and well correlated with growth (Weiskittel et al. 2011).
Therefore, it is the most common means of incorporating one-sided competition in a growth
model. In a one-sided competition, the smaller tree does not affect the growth of the larger tree
(Zhao et al. 2004). PBAL was found to be an effective predictor of diameter growth for both
conifer and deciduous species in the northeastern, southern, and northcentral USA (Lessard et al.
6

2001). Two-sided competition is commonly expressed by total stand basal area (BA) (Quicke et
al. 1994; Zhao et al. 2004). A square root transformation of BA was found to work better than a
logarithmic or untransformed expression (e.g., Hann et al. 2003) in diameter growth models.
Zhao et al. (2004) mentioned that in two-sided competition all trees impose some competition on
their neighbors irrespective of their size. Crown competition factor (CCF) is also a widely used
two-sided measure of competition. It is assumed to be independent of site and age and can
account for differences in species that BA does not accomplish (Weiskittel et al. 2011).
The measure of site productivity is generally included in diameter growth models to give
some site specificity (Burkhart and Tomé 2012). Site index (SI), the average height of dominant
and/or codominant trees of an even-aged, undisturbed site of intolerant trees at a base age, is
usually used as a measure of site productivity in the growth models (e.g., Teck and Hilt 1991;
Hann et al. 2003; Weiskittel et al. 2007). In contrast, Quicke et al. (1994) developed a regional
diameter increment model for naturally regenerated, even-aged longleaf pine stands in the
southern USA that did not use SI as a predictor variable and performed well across a range of
stands.
Computer programs STEMS (Stand and Tree Evaluation and Modeling System) and
TWIGS (The Woodsman’s Ideal Growth Projection System) are distance independent growth
and yield systems originally developed to predict annual diameter growth and mortality of
individual trees in the Northcentral USA (Miner et al. 1988) that were later adapted to other
regions. Both STEMS and TWIGS use growth functions to predict potential annual DBH growth
along with a modifier to reduce growth due to competition by using different combinations of
stand SI, current DBH, tree height (H), and CR (Canavan and Ramm 2000). The Forest
Vegetation Simulator (FVS) is another individual tree distance independent growth and yield
7

model that can simulate a wide variety of forest types, stand structures, and pure or mixedspecies stands (Keyser 2008). Using data from Forest Inventory and Analysis (FIA), the
Southern (SN) variant of FVS was developed using completely new growth equations and
expanded to cover all southern states (Keyser 2008). This model includes tree size, site, and
individual tree competition-related variables as predictors.
Previous studies to develop diameter growth models reflect a change in tree size and
competition (Lessard et al. 2001; Cao et al. 2002; Zhao et al. 2004). However, there has been
minimal effort to include crucial climatic variables in growth models (Monserud et al. 2008;
Sharma and Parton 2018). Changing climate will have a significant impact on future timber
supply, biodiversity, and species distribution (Oboite and Comeau 2021). Projections using
different climate change models have indicated that the global mean surface temperature will
increase by 2°C from 2011-2030 (Smith et al. 2017). The Intergovernmental Panel on Climate
Change (IPCC) further reported that global warming of approximately 2°C (above the
preindustrial baseline) is very likely to lead to more frequent extreme heat events and daily
precipitation extremes over most areas of North America, more frequent low-snow years, and
shifts toward earlier snowmelt runoff over much of the western USA and Canada (Smith et al.
2017). The climate is changing, and these changes could impact the establishment and mortality
of seedlings (Daniels and Veblen 2004) and the distribution of tree species (McDowell et al.
2011). Similarly, these changes could impact tree growth (Peterson and Peterson 2001) and
interspecific competition (Hamann and Wang 2006).
A study by Lloyd and Fastie (2003) found that white spruce (Picea glauca) tree lines in
interior Alaska advanced poleward in response to climate change. Increased temperature and
rainfall in May–June during the dormant period resulted in forest densification and expansion
8

accompanied by increased growth of trees at the upper tree line ecotone in the Polar Ural
Mountains (Devi et al. 2020). Therefore, our understanding of how tree growth and stand
dynamics are affected by climate is essential in developing long-term management decisions
(Crookston et al. 2010), achieving a sustainable wood supply (Worbes 1999), and assisting
forests in adapting to climate change (Littell et al. 2011).
Numerous linear and nonlinear growth models have been used to relate forest growth to
climate variables for major conifer species in British Columbia, Canada (Nigh et al. 2004) and
boreal tree species in western Canada (Oboite and Comeau 2021). A study of climate effects on
diameter growth of plantation grown jack pine (Pinus banksiana) and black spruce (Picea
mariana) trees in Ontario, Canada showed that the average growing season temperature, wettest
quarter total precipitation, and increasing total precipitation played an essential role in
determining the diameter growth of these tree species (Subedi and Sharma 2013). Similarly,
Sharma (2021) developed diameter growth models for red pine (Pinus resinosa) using a mixedeffects modeling approach where site and climate effects were examined by incorporating those
variables into the growth models. Latta et al. (2010) used FIA data and climate data to fit a
simultaneous autoregressive model to map the changes in tree growth in response to climate
change in two northwestern USA. Similarly, Huang et al. (2011) empirically examined climate
change impact on a managed loblolly pine forests in the southern USA using FIA data.

9

CHAPTER III
METHODOLOGY
3.1

Study area
The study area covers the entire state of Mississippi (Figure 3.1). The total land base in

the State is approximately 12,227,013 hectares. Forestland currently occupies approximately
65% of Mississippi’s land base. Of the forested area, 2.3 million hectares are evergreen (pine),
3.6 million hectares are deciduous (primarily oak), and mixed (deciduous - pine) forests occupy
0.7 million hectares. Another 1.3 million hectares are currently in young forest regeneration that
has not yet been classified as forest cover type (Oswalt 2019). The climate throughout
Mississippi is mostly humid and warm with long, hot summers, and mild winters.

10

Figure 3.1
3.2

Remeasured FIA plots, used in this study across Mississippi for inventory cycle
2013-2019

Data
Data for this study came from two different sources and were publicly available. For

forest data, this study used data collected by the FIA program of the U.S. Forest Service (FIA
Data) in Mississippi. The 30-year-average climate data from 1981 to 2010 were obtained from
the Parameter-elevation Regression on Independent Slopes Model (PRISM) (Daly et al. 2008).
3.2.1

Forest data
The source of the forest data is the publicly available FIA Database

(https://apps.fs.usda.gov/fia/datamart/CSV/datamart_csv.html) (Bechtold and Patterson 2005).
FIA data are collected periodically on permanent plots randomly located across the USA. The
forested plots are field measured for tree attributes as well as site characteristics (e.g., height,
11

diameter, stocking status, species, and site productivity). Each plot is composed of four subplots,
and each subplot is composed of three nested fixed-radius areas used to sample trees of different
sizes (Bechtold and Patterson 2005). Tree and plot-level data acquired over the period from 2013
to 2019 were used in this study.
PLOT, TREE, and COND (condition) tables from the FIA database were used to acquire
variables needed for the analysis of this study. PLOT table stores information that includes the
identity of the plot, measurement date, sampling status, and the location of the plot. The TREE
table provides information for each tree (live and standing dead) 2.54 cm in diameter and larger
on a microplot and subplot. Information describing each tree includes diameter, height, crown
ratio, and status of the trees. COND table provides information on the discrete combination of
landscape attributes that define the condition. Using the COND table, TREE table, and PLOT
table from the FIA database, annual diameter growth (cm/year) and trees per hectare for the
selected species were calculated. For annual diameter growth, the tree diameter in 2013 was
subtracted from 2019 and divided by the inventory period which in this study is 6 years. Only
those remeasured trees that were alive during both inventories were used in this study.
The selection of species used in this study was based on the net volume of live trees on
forest land as reported in Mississippi’s Forest 2017 (Oswalt 2019). The selected species were
loblolly pine, slash pine, longleaf pine, shortleaf pine, sweetgum, southern red oak, red maple,
and water oak. Except for loblolly pine (n = 1343) and sweetgum (n = 462), the number of trees
remeasured during the 2013-2019 inventory cycle was small (highest n=239 for water oak and
lowest n=66 for longleaf pine. Therefore, species were grouped into four broad species groups:
(i) loblolly pine; (ii) sweetgum; (iii) other softwood, which includes longleaf pine, shortleaf pine,
and slash pine; and (iv) other hardwoods, which includes red maple, water oak, and southern red
12

oak. The FIA database directly provides plot-level data for stand age, stocking status, site slope,
and other characteristics. Both tree and plot-level variables were considered in model
development and validation. Descriptive statistics for plot and tree variables for each species and
species group are listed in Table 3.1 and Table 3.2.
Table 3.1

Descriptive statistics for the plot-level measure of forest structure and species
composition.

Variable
BAPH (m2/ha)
QMD (cm)
TPH (N/ha)
PBAL (m2/ha)
SLOPE (%)
ASPECT (°)
ELEV (m)
LAT (°)
LON (°)

Mean
27.81
21.95
427.12
0.62
8.85
116.9
98.89
32.48
-89.39

BAPH is the plot basal area per hectare (
diameter (√∑𝑛𝑖=1

𝐷𝐵𝐻2013 2

of trees per hectare (

𝑁

SD
10.78
6.5
247.43
0.49
12.48
125.83
39.84
1.26
0.68
∑ 𝑇𝐵𝐴

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑝𝑙𝑜𝑡 (ℎ𝑎)

Minimum
5.26
4.85
59.48
0.00
0.00
0.00
0.00
30.23
-91.37

Maximum
61.57
52.96
1368.12
2.68
100
360
192.02
34.87
-88.21

); TBA is the tree basal area; QMD is the quadratic mean

); PBAL is the plot basal area of the trees larger than the subject tree; TPH is the number
𝑁

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑝𝑙𝑜𝑡 (ℎ𝑎)

); SLOPE is the angle of slope in percent; ASPECT is the direction of slope to

the nearest degree (°); ELEV is the elevation; LAT is the latitude of the plot; LON is the longitude of the plot; N is
the number of trees in the plot, and SD is the standard deviation.

Table 3.2

Descriptive statistics for tree-level inventory data by selected species group in
2013.

Species group
Loblolly pine (n=1343)

Variable
DBH (cm)
ADG (cm/year)
RDG (%)
H (m)
SI (m)
CR (%)
PCT
RELHT

13

Mean
21.27
0.79
4.35
16.63
26.81
30
0.55
0.80

SD
9.45
0.44
3.56
5.82
4.59
10.41
0.29
0.18

Minimum
2.79
0.04
0.08
2.74
14.94
10
0.00
0.13

Maximum
83.31
2.24
45.83
39.01
40.54
95
1.00
1.00

Table 3.2 (continued)
Species group
Other softwoods (n=323)

Sweetgum (n=462)

Other hardwoods (n=417)

Variable
DBH (cm)
ADG (cm/year)
RDG (%)
H (m)
SI (m)
CR (%)
PCT
RELHT
DBH (cm)
ADG (cm/year)
RDG (%)
H (m)
SI (m)
CR (%)
PCT
RELHT
DBH (cm)
ADG (cm/year)
RDG (%)
H (m)
SI (m)
CR (%)
PCT
RELHT
𝐷𝐵𝐻

Mean
23.19
0.45
2.35
17.80
23.21
28.35
0.58
0.77
18.43
0.35
2.47
16.52
27.34
34.57
0.40
0.69
17.87
0.35
2.61
14.36
26.16
35.86
0.39
0.62

SD
10.37
0.25
1.73
6.47
3.21
6.53
0.29
0.19
9.71
0.26
2.86
6.41
4.27
9.31
0.31
0.22
12.82
0.29
2.81
6.47
3.79
9.7
0.33
0.23

Minimum
3.30
0.04
0.19
2.74
17.68
10
0.00
0.16
2.54
0.04
0.15
3.35
17.68
10
0.00
0.12
2.54
0.04
0.09
2.74
17.68
5.00
0.00
0.12

Maximum
59.44
1.19
10.78
35.97
31.09
45
1.00
1.00
68.83
1.02
29.49
40.23
40.54
95
1.00
1.00
74.17
1.19
23.33
35.05
40.54
80
1.00
1.00

−𝐷𝐵𝐻

2013
ADG is the diameter growth per year ( 2019
); DBH is the diameter at breast height in 2013; H is the
6
height of the tree in 2013; RELHT is the ratio of the height of the subject tree to the dominant height of the plot
𝐻
𝐴𝐷𝐺∗100
( ); RDG is the annual rate of diameter growth (
); CR is the crown ratio; SI is the site index base age of

𝐻𝐷

𝐷𝐵𝐻2013

𝑅 −1

the species; PCT is percentile in the distribution of tree basal area ( 𝑖 ). 𝑅𝑖 is the rank of tree basal area of the ith
𝑁−1
tree; HD is the dominant height of the plot, and SD is the standard deviation.

3.2.2

Climate data
The Parameter-elevation Regression on Independent Slopes Model (PRISM) is widely

regarded as one of the best interpolation procedures for climate data (Daly et al. 2008)
(http://www.prism.oregonstate.edu/). PRISM uses point data, a digital elevation model, and other
spatial data sets to predict climate outcomes on 4km × 4km resolutions across the contiguous
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United States and generate estimates of annual, monthly, and daily climate (Daly et al. 2008). A
30-year-average is the baseline dataset describing average monthly and annual conditions over
the most recent three full decades (Daly et al. 2008). These data are available on 4km × 4km and
800m × 800m resolutions. For this study, the annual 30-year average available in 800m
resolution for the period 1981 to 2010 was used.
The 30-year average dataset was processed using the ‘Prism’ package (Hart and Bell
2015) in R statistical software version 4.1.1 (R Core Team 2021) to obtain plot-level climate
data. Finally, this study combined plot-level climate data with the previously obtained plot-level
forest data. The descriptive statistics for the climate data on the remeasured FIA plots in
Mississippi are presented in Table 3.3.
Table 3.3

Descriptive statistics for 30-year-average annual climate data (from 1981 to 2010),
derived from PRISM for FIA plots in Mississippi.

Variables
MAP (mm)
MAT (°C)
MTCM (°C)
MTWM (°C)
GSP (mm)
SUPB (mm)
SUSPPB (mm)
Tmin (°C)
Tmax (°C)
MADT (°C)
VPDmin (hpa)
VPDmax (hpa)

Mean
1534
17.71
8.36
26.98
1065.3
0.90
0.95
11.34
24.07
12.44
0.67
16.39

SD
86.59
1.01
1.63
0.36
69.3
0.13
0.2
1.04
1.06
1.08
0.14
0.93

Minimum
1386
15.67
5.24
26.11
962.7
0.66
0.65
9.50
21.80
10.55
0.33
13.51

Maximum
1764
19.70
11.36
27.88
1263.2
1.23
1.44
14.66
25.73
15.00
1.11
19.09

MAP is the mean annual precipitation; MAT is the mean annual temperature; MTCM is the mean temperature for
the coldest month; MTWM is the mean temperature of the warmest month; GSP is the growing season precipitation
(March to November); SUPB is the summer precipitation balance (ratio of sum of precipitation in July, August, and
September to the sum of precipitation in April, May, and June); SUSPPB is the summer/spring precipitation balance
(ratio of sum of precipitation in July, and August to the sum of precipitation in April, and May); Tmin in the mean
minimum temperature; Tmax is the mean maximum temperature; MADT is the mean annual dew point temperature;
VPDmin is the minimum vapor pressure deficit, and VPDmax is the maximum vapor pressure deficit, and SD is the
standard deviation.
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3.3

Model development
Before fitting the models, datasets were tested for possible outlying observations using

the median absolute deviation (MEAD) statistics computed using Equation (3.1) (Leys et al.
2013). Any observation outside the median ± 3 × MEAD was considered an outlier and removed
from the final dataset used for developing models. This approach is not sensitive to outliers and
is a more robust measure of dispersion that is easy to implement (Leys et al. 2013).
𝑀𝐸𝐴𝐷 = 𝑏𝑀𝑖 (|𝑥𝑖 − 𝑀𝑗 (𝑥𝑗 )|)

(3.1)

where 𝑥𝑖 is the set of n original observations, 𝑀𝑗 is the median of original observations, Mi is the
median of the series, and b = 1.4826 is a constant associated with the normality assumption of
the data without regarding the abnormality due to outliers.
In the past, individual tree diameter growth has been modeled in terms of diameter
increment or basal area increment. However, the choice of dependent variables in the model is
largely personal with no specific reason to choose one or the other (Vanclay 1994). In the
preliminary analysis, this study fitted various linear and nonlinear diameter growth equations and
compared annual diameter growth (ADG), periodic change in squared outside bark diameter
(DDS), the annual rate of diameter growth (RDG), natural log of DDS (ln(DDS)), and the natural
log of ADG (ln(ADG)) as possible dependent variables. Based on the residual plots and
evaluation statistics, ADG and ln(ADG) worked best for our dataset. Hence, for this study, ADG
and ln(ADG) are used as dependent variables.
There are two general approaches for modeling diameter growth: (i) a maximum potential
increment multiplied by the competitive modifiers (Lessard et al. 2001) and (ii) a unified
equation that predicts the increment directly using the stand and individual tree sizes (Cao et al.
2002). These growth models frequently use initial trees size, competition, and site characteristics
16

as independent variables. This study chose to evaluate both approaches to develop a diameter
growth model.
3.3.1

Climate insensitive models
First, this study reviewed several species-specific growth models that do not include

climate as a predictor. These models are publicly available and previously used to forecast the
growth of the species used in this study. These models were considered as base models for
comparison with the climate sensitive models developed in this study. All selected base models
use FIA data and include tree size, site, and individual tree competition-related variables as
predictors of diameter growth. However, publicly available FIA data do not report actual plot
coordinates for privacy reasons. A mechanism called “fuzzing” adds a random error (up to about
1.6 km) to the plot location, and a subset of plots are “swapped” with other plot locations
(LaPoint 2005; Guldin et al. 2006). Prisley et al. (2009) compared results obtained from a variety
of terrain-based analyses conducted in the Blue Ridge of North Carolina using both precise and
swapped FIA plot locations. Results of this study indicated that swapped plot locations may not
be suitable for fine-scale applications. Therefore, variables explaining the location of the plot
(latitude and longitude) were dropped from the base models during the fitting process.
Four candidate models for each species and species group were selected (details below).
Some of the models were originally developed outside the region of interest in this study.
However, the species and stand structures for which these models were developed were similar
to those in the southern region. Therefore, the models were modified based on the available data
by adding new variables or dropping variables that were not significant at 0.05 level of
significance.
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3.3.1.1

Loblolly pine
Table 3.4 summarizes the models selected to develop individual tree diameter growth

models for loblolly pine. Among these models, the best model in terms of evaluation statistics
was selected to develop climate sensitive diameter growth model.
Table 3.4

Selected growth equations for developing climate insensitive diameter growth
model for loblolly pine.

Model

Model form

Model 1
(LOB1)1

𝑙𝑛(𝐴𝐷𝐺) = 𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝐷𝐵𝐻 2 ) + (𝑏4 ∗ 𝑙𝑛(𝐶𝑅))
+ (𝑏5 ∗ 𝑃𝐶𝑇) + (𝑏6 ∗ 𝐶𝐶𝐹)

Model 2
(LOB2)1

𝑙𝑛(𝐴𝐷𝐺) = 𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑙𝑛(𝐶𝑅)) + (𝑏4 ∗ 𝐶𝐶𝐹)
𝑄𝑀𝐷
)) + (𝑏7 ∗ 𝑙𝑛(𝐻))
+ (𝑏5 ∗ 𝑅𝐸𝐿𝐻𝑇) + (𝑏6 ∗ (
𝐷𝐵𝐻

Model 3
(LOB3)2

𝐴𝐷𝐺 = 𝑒𝑥𝑝 (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑙𝑛(𝐶𝐶𝐹)) + (𝑏4 ∗ 𝑃𝐶𝑇)

Model 4
(LOB4)3

+ (𝑏5 ∗ 𝑙𝑛(𝐶𝑅)))
𝐴𝐷𝐺 = 𝐷𝐵𝐻𝑏1 ∗ 𝐻𝑏2 ∗ 𝑒𝑥𝑝 (𝑏3 ∗ (1 −

𝑄𝑀𝐷
)) ∗ 𝐶𝑅𝑏4 ∗ 𝑆𝐼𝑏5
𝐷𝐵𝐻

1

modified Keyser (2008); 2 modified Stage (1973); 3 modified Cao et al. (2002); CCF is the
crown competition factor; PCT is the percentile in the distribution of tree basal area; 𝑏1 − 𝑏11 are
the species-specific coefficients; and other variables are described above.
Models LOB1 and LOB2 are the modified model forms used in the southern variant of
the forest vegetation simulator (FVS-SN) (Keyser 2008). FVS is a distance independent
individual tree growth and yield model developed using the FIA data. The southern variant
(FVS-SN) includes growth equations and covers all southern states (Keyser 2008). In FVS-SN,
instead of predicting diameter increment directly, the natural log of the periodic change in
squared inside-bark diameter (ln(DDS)) is predicted. However, ln(ADG) is used as the response
variable in this study based on preliminary analysis results. The original model used in FVS-SN
is in the form of Equation (3.2).
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𝑙𝑛(DDS) = 𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝐷𝐵𝐻 2 ) + (𝑏4 ∗ 𝑙𝑛(𝐶𝑅)) + (𝑏5 ∗ 𝑅𝐸𝐿𝐻𝑇)
+ (𝑏6 ∗ 𝑆𝐼) + (𝑏7 ∗ 𝐵𝐴𝑃𝐻) + (𝑏8 ∗ 𝑃𝐵𝐴𝐿) + (𝑏9 ∗ 𝑆𝐿𝑂𝑃𝐸) + (𝑏10
(3.2)
∗ 𝑐𝑜𝑠(𝐴𝑆𝑃) ∗ 𝑆𝐿𝑂𝑃𝐸) + (𝑏11 ∗ 𝑠𝑖𝑛(𝐴𝑆𝑃) ∗ 𝑆𝐿𝑂𝑃𝐸) + 𝐹𝑂𝑅𝑇𝑌𝑃𝐸
+ 𝐸𝐶𝑂𝑈𝑁𝐼𝑇 + 𝑃𝐿𝐴𝑁𝑇
where, FORTYPE is the current forest type group identified by FVS-SN; ECOUNIT is the
ecological unit group identified by FVS-SN; PLANT is a dummy variable indicating whether the
stand originated naturally or is plantation grown; 𝑏1 − 𝑏11 are the species-specific coefficients;
other variables are described above.
LOB3 is the modified model developed by Stage (1973). The original model form is
given in Equation (3.3). The response variable used in Equation (3.3) was changed to ADG. The
site index was not significant (p-value >0.05) and dropped from the final model. The individual
tree increment is also dependent on its competitive status relative to neighboring trees. Stage
(1973) proposed percentile in the distribution of tree basal area (PCT) as an indicator of relative
tree size. Therefore, this study used PCT as one of the predictor variables in LOB1 and LOB3.
𝐴𝐷𝐺 2 = exp (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝑆𝐼)) + (𝑏3 ∗ 𝐸𝐿𝐸𝑉)
+ (𝑏4 ∗ 𝑙𝑛(𝐶𝐶𝐹) + (𝑏5 ∗ 𝑙𝑛(𝐶𝑅)) + (𝑏6 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏7 ∗ 𝑃𝐶𝑇))
where ELEV is the elevation (m); b1 - b12 are the species-specific coefficients, and other

(3.3)

variables are described before.
Crown ratio (CR) and crown competition factor (CCF) reflect tree vigor, treatment
history, and overall stand density. These variables are used in LOB1, LOB2, and LOB3. FVS-SN
uses open-grown maximum crown width (OCW) equations to compute CCF. Species-specific
OCW equations were identified from the FVS-SN manual and calculated for the data set. For
loblolly pine, the open crown width equations as used in FVS-SN are given in Equation (3.4) and
Equation (3.5).
If, DBH >= 3 inch
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𝑂𝐶𝑊 = 𝑎1 + (𝑎2 ∗ 𝐷𝐵𝐻 ∗ 2.54) + (𝑎3 ∗ (𝐷𝐵𝐻 ∗ 2.54)2 ) ∗ 3.28084

(3.4)

And,
If, DBH < 3 inch
𝐷𝐵𝐻
(3.5)
)
𝑂𝐶𝑊 = (𝑎1 + (𝑎2 ∗ 3 ∗ 2.54) + (𝑎3 ∗ (3 ∗ 2.54)2 ∗ 3.28084)) ∗ (
3
After the calculation of OCW, CCF is calculated by using Equation (3.6). This equation
is given by FVS-SN and is based on the crown width of open-grown trees.
𝐶𝐶𝐹 = 0.001803 ∗ 𝑂𝐶𝑊 2

(3.6)

LOB4 is the modified form of the model described by Cao et al. (2002) given in Equation
(3.7). Initially, this study fitted a nonlinear regression model and checked the significance of the
predictor variables. This study found that the site class and BAPH used in the model were not
significant. Therefore, those variables were dropped, and then SI and DBH were added to the
model.
𝑄𝑀𝐷
)) ∗ 𝐶𝑅𝑏5 ∗ 𝑆𝑖𝑡𝑒𝑏6 + ℰ
(3.7)
𝐷𝐵𝐻
where Site is the site class described in the FIA database; ℰ is a random error; 𝑏1 − 𝑏6 are the
𝐴𝐷𝐺 = 𝑏1 ∗ 𝐵𝐴𝑃𝐻𝑏2 ∗ 𝐻𝑏3 ∗ exp (𝑏4 ∗ (1 −

species-specific coefficients, and other variables are described before.
3.3.1.2

Softwood species group
In this study, the softwood species group includes slash pine, shortleaf pine, and longleaf

pine. These southern pines are expected to have similar growth rates and form (Benson and
Diana 1963). Further, the number of these trees remeasured by FIA in Mississippi for the 2013 2019 inventory cycle was not large for the modeling purpose (n=161 for slash pine, n=96 for
shortleaf pine, and n=66 for longleaf pine). Therefore, for this study, these softwood species
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were grouped and then fitted species group-specific diameter growth models. Table 3.5 provides
the summary of the models selected for these species groups.
Table 3.5

Selected growth equations for developing climate insensitive diameter growth
model for softwood species group.

Model

Model form

Model 1
(SFT1)1

1
))
𝐴𝐷𝐺 = 𝑒𝑥𝑝 (−𝑏1 ∗ (
𝐷𝐵𝐻 2
∗ 𝑒𝑥𝑝 ((𝑏2 ∗ (𝐶𝑅 − 4)) + (𝑏3 ∗ (𝑃𝐵𝐴𝐿 − 11.5))
+ (𝑏4 ∗ (𝐵𝐴𝑃𝐻 − 23)))

Model 2
(SFT2)2

𝐴𝐷𝐺 = 𝑒𝑥𝑝 (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑃𝐶𝑇) + (𝑏4 ∗ 𝑙𝑛(𝐶𝑅)))

Model 3
(SFT3)3

𝐴𝐷𝐺 = 𝐻𝑏1 ∗ 𝑒𝑥𝑝 (𝑏2 ∗ (1 −

Model 4
(SFT4)4

𝐴𝐷𝐺 = 𝑏1 ∗ 𝐷𝐵𝐻𝑏2 ∗ 𝑒𝑥𝑝((𝑏3 ∗ 𝑄𝑀𝐷) + (𝑏4 ∗ 𝐶𝑅))

𝑄𝑀𝐷
)) ∗ 𝐶𝑅𝑏3 ∗ 𝑆𝐼𝑏4
𝐷𝐵𝐻

1

modified Lessard et al. (2001); 2 modified Stage (1973); 3 modified Cao et al. (2002);4 modified
FVS-NE (FVS 2008); 𝑏1 − 𝑏6 are the species group-specific coefficients; and other variables are
described above.
SFT1 is the modified model form given by Lessard et al. (2001) and combines potential
growth (PG, Equation 3.8) and a modifier (MOD, Equation 3.9). For the model development,
1

this study used exp (−𝑏1 ∗ (𝐷𝐵𝐻 2)) expression for PG instead of the original as other
coefficients were not significant during the fitting process. Variables used in the MOD
component that was not significant during the fitting process were also dropped from the model.
𝑃𝐺 = 𝑏1 ∗ 𝑒𝑥𝑝(−𝑏2 ∗ 𝐷𝐵𝐻) ∗ 𝐷𝐵𝐻𝑏3
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(3.8)

𝑀𝑂𝐷 = 𝑒𝑥𝑝 ((𝑏4 ∗ (𝐶𝑅 − 4)) + (𝑏5 ∗ (𝑃𝐵𝐴𝐿 − 11.5)) + (𝑏6 ∗ (𝐵𝐴𝑃𝐻 − 23))
+ (𝑏7 ∗ (𝐶𝐶 − 3)) + (𝑏8 ∗ (𝑃𝐶 − 5)) + (𝑏9 ∗ (𝑃𝐶 − 5)2 )

(3.9)

+ (𝑏10 (𝐿𝑂𝑁 + 93)) + (𝑏11 ∗ (𝐿𝐴𝑇 − 47)))
where, PC is the physiographic class given by the FIA; CC is the crown class given by FIA; b1b11 is the species-specific coefficients; other variables were described above.
Combining Equation (3.8) and (3.9) to get the Equation (3.10)
𝐴𝐷𝐺 = 𝑏1 ∗ 𝑒𝑥𝑝(−𝑏2 ∗ 𝐷𝐵𝐻) ∗ 𝐷𝐵𝐻𝑏3
∗ 𝑒𝑥𝑝 ((𝑏4 ∗ (𝐶𝑅 − 4)) + (𝑏5 ∗ (𝑃𝐵𝐴𝐿 − 11.5))
+ (𝑏6 ∗ (𝐵𝐴𝑃𝐻 − 23)) + (𝑏7 ∗ (𝐶𝐶 − 3)) + (𝑏8 ∗ (𝑃𝐶 − 5))

(3.10)

+ (𝑏9 ∗ (𝑃𝐶 − 5)2 ) + (𝑏10 (𝐿𝑂𝑁 + 93)) + (𝑏11 ∗ (𝐿𝐴𝑇 − 47)))
The model form used in SFT2 is similar to that of LOB3. However, SFT2 did not include
a natural log of CCF as a predictor variable as it was not significant for the dataset. Similarly, the
model form, SFT3 was a modified equation developed by Cao et al. (2002). The original model
form is given in Equation (3.7). After dropping BAPH and site class and then adding SI to the
model, significantly improved the model, and all predictor variables were significant at 0.05
level of significance.
For developing SFT4, potential diameter increment from competition-free trees was
calculated and then modified by factors related to competition. This modeling approach is
adopted by Lessard et al. (2001), the FVS-northeastern (FVS-NE) variant (FVS 2008), and
Budhathoki et al. (2008). The original model form used by FVS-NE is given in Equation (3.13).
The PG and the MOD component are given in Equation (3.11) and Equation (3.12), respectively.
The (exp(−𝑏2 ∗ 𝐷𝐵𝐻)) expression used in Equation (3.11) was dropped because 𝑏2 was not
significant. Variables in MOD component (Equation 3.12) were not significant either, therefore
this study dropped those variables and used variables related to average tree size (e.g., QMD)
and tree vigor and size (e.g., CR) as a predictor of modifier.
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𝑃𝐺 = 𝑏1 ∗ 𝑒𝑥𝑝(−𝑏2 ∗ 𝐷𝐵𝐻) ∗ 𝐷𝐵𝐻𝑏3

(3.11)

𝑀𝑂𝐷 = 𝑒𝑥𝑝(−𝑏4 ∗ 𝑃𝐵𝐴𝑙)

(3.12)

Equation (3.11) and (3.12) were combined to get Equation (3.13)
𝐴𝐷𝐺 = 𝑏1 ∗ 𝑒𝑥𝑝(−𝑏2 ∗ 𝐷𝐵𝐻) ∗ 𝐷𝐵𝐻𝑏3 ∗ 𝑒𝑥𝑝(−𝑏4 ∗ 𝑃𝐵𝐴𝑙)
3.3.1.3

(3.13)

Sweetgum
The candidate models selected to develop individual tree diameter growth models for

sweetgum are listed in Table 3.6. Evaluation statistics of these models were compared, and the
best performing model was enhanced to develop a climate sensitive diameter growth model.
Table 3.6
Model
Model 1
(SWT1)1

Selected growth equations for developing climate insensitive diameter growth
model for sweetgum.
Model form
1
))
𝐴𝐷𝐺 = 𝑒𝑥𝑝 (−𝑏1 ∗ (
𝐷𝐵𝐻 2
∗ 𝑒𝑥𝑝 ((𝑏2 ∗ (𝐶𝑅 − 4)) + (𝑏3 ∗ (𝑃𝐵𝐴𝐿 − 11.5))
+ (𝑏4 ∗ (𝐵𝐴𝑃𝐻 − 23)))

Model 2
(SWT2)2

𝐴𝐷𝐺 = 𝑒𝑥𝑝 (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑙𝑛(𝐶𝐶𝐹)) + (𝑏4 ∗ 𝑃𝐶𝑇))

Model 3
(SWT3)2

𝐴𝐷𝐺 = 𝑒𝑥𝑝 (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝐶𝑅) + (𝑏4 ∗ 𝐻𝐷))

Model 4
(SWT4)2

𝐴𝐷𝐺 = 𝑒𝑥𝑝 ((𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ √𝐵𝐴𝑃𝐻))) ∗ 𝐻𝐷𝑏4 ∗ 𝐶𝑅𝑏5

1

modified Lessard et al. (2001); 2 modified Stage (1973); 𝑏1 − 𝑏6 are the species-specific
coefficients; and other variables are described above.
SWT1 is the same model form used in SFT1. The SWT2, SWT3, and SWT4 are
composite models that include tree size, site, and individual tree competition effects. Composite
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models developed by Weiskittel et al. (2007) and Cao et al. (2002) were also tested for this data
set. These models are the modified versions of the equation developed by Stage (1973). The
original form for this model is given in Equation (3.3). Those variables that were not significant
during the fitting process were dropped. For this study, CCF was added as a predictor variable in
SWT2 which was calculated using the species-specific OCW equation used in FVS-SN
(Equation 3.14 and 3.15).
If, DBH >= 5 inch
𝑂𝐶𝑊 = 𝑎1 + (𝑎2 ∗ 𝐷𝐵𝐻) + (𝑎3 ∗ 𝐷𝐵𝐻 2 ) + (𝑎4 ∗ 𝐶𝑅) + (𝑎5 ∗ 𝐻)

(3.14)

And,
If, DBH < 5 inch
𝑂𝐶𝑊 = (𝑎1 + (𝑎2 ∗ 5) + (𝑎3 ∗ 52 ) + (𝑎4 ∗ 𝐶𝑅) + (𝑎5 ∗ 𝐻)) ∗ (

𝐷𝐵𝐻
)
5

(3.15)

After OCW calculation, Equation (3.6) was utilized to calculate CCF. This study added
BAPH, PCT, HD, and CR as predictors in the models. BAPH is a good measure of stand
crowding since it combines both tree size and density (Zhao et al. 2004). PCT and HD explain
the relative tree size and competition.
3.3.1.4

Hardwood species group
The hardwood species group includes southern red oak, red maple, and water oak. In the

southeastern USA, these hardwoods are expected to grow in similar soil and landform (Spurr et
al. 1973). These hardwood species were grouped to fit species group-specific diameter growth
models because a smaller number of these trees (n=77 for southern red oak, n=101 for red maple,
and n=239 for water oak) were remeasured for the inventory cycle from 2013 to 2019. Four
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candidate models are presented in Table 3.7. The best performing model was selected to develop
climate sensitive growth model for these species groups.
Table 3.7

Selected growth equations for developing climate insensitive diameter growth
model for hardwood species group.

Model

Model form

Model 1
(HRD1)1

𝑙𝑛(𝐴𝐷𝐺) = 𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝐷𝐵𝐻 2 ) + (𝑏4 ∗ 𝑙𝑛(𝐶𝑅))
+ (𝑏5 ∗ 𝑃𝐶𝑇) + (𝑏6 ∗ 𝐶𝐶𝐹)

Model 2
(HRD2)1

𝑙𝑛(𝐴𝐷𝐺) = 𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑙𝑛(𝐶𝑅)) + (𝑏4 ∗ 𝐶𝐶𝐹)
𝑄𝑀𝐷
)) + (𝑏7 ∗ 𝑙𝑛(𝐻))
+ (𝑏5 ∗ 𝑅𝐸𝐿𝐻𝑇) + (𝑏6 ∗ (
𝐷𝐵𝐻

Model 3
(HRD3)2

𝐴𝐷𝐺 = exp (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑙𝑛(𝐶𝐶𝐹)) + (𝑏4 ∗ 𝑃𝐶𝑇)

Model 4
(HRD4)3

𝐴𝐷𝐺 = 𝑏1 ∗ 𝐷𝐵𝐻𝑏2

+ (𝑏5 ∗ 𝑙𝑛(𝐶𝑅)))

𝐷𝐵𝐻
))
𝐻𝐷
1
modified Keyser (2008); 2 modified Stage (1973); 3 modified FVS-NE (FVS 2008);
HD is the plot dominant height; 𝑏1 − 𝑏7 are the species-specific coefficients, and other variables
are described above.
∗ 𝑒𝑥𝑝 ((𝑏3 ∗ √𝐷𝐵𝐻) + (𝑏4 ∗ 𝐵𝐴𝑃𝐻) + (𝑏5 ∗

HRD1 and HRD2 are also modified from the FVS-SN model similar to LOB1 and LOB2.
Similarly, HRD3 is a modified version of the model given in Equation (3.3). Crown competition
factor (CCF) was used as one of the predictor variables in models HRD1, HRD2, and HRD3.
FVS-SN identifies the common OCW equation for water oak and southern red oak with
sweetgum given in Equation (3.14) and Equation (3.15). However, a different OCW equation for
red maple is identified by FVS-SN which is given in Equation (3.16) and Equation (3.17).
Equation (3.6) was then employed to calculate the CCF of the hardwood species group.
If, DBH >= 3 inch
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𝑂𝐶𝑊 = 𝑎1 + (𝑎2 ∗ 𝐷𝐵𝐻 𝑎3 )

(3.16)

𝐷𝐵𝐻
)
𝑂𝐶𝑊 = (𝑎1 + (𝑎2 ∗ 3𝑎3 )) ∗ (
3

(3.17)

And,
If, DBH < 3 inch

𝑄𝑀𝐷

The ratio of QMD to DBH ( 𝐷𝐵𝐻 ) is used in HRD2 as one of the predictor variables as it
combines both tree size and density. This predictor was used by Cao et al. (2002) for predicting
the growth of hardwood species. HRD4 used the potential growth multiplied by the modifier
approach. The PG component used in this model is similar to the PG used in SFT4. However,
QMD and CR used in the MOD component of SFT4 were not significant, therefore this study
dropped those variables and added variables related to stand density (BAPH), tree size (DBH),
and dominant height (HD) as the modifiers in the model.
3.3.2

Climate sensitive models
Climate sensitive growth models were developed using the potential modifier approach

(Lessard et al. 2001; Budhathoki et al. 2008; Oboite and Comeau 2021). In this approach,
diameter growth models consist of two components, a potential growth (PG) and a modifier
(MOD) (Equation 3.18). This study selected the best climate insensitive model for each species
and species group based on the evaluation statistics (MD, MAD, FI, and RMSE), and then
climatic modifiers were added to make the model climate sensitive.
𝐴𝐷𝐺 = 𝑃𝐺 ∗ 𝑀𝑂𝐷

(3.18)

Various climate variables (Table 3.3) were tested as potential modifiers of the diameter
growth. When climatic conditions are favorable for growth, larger competitors will increase in
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growth, which may cause an increase in the utilization of available resources in the stand (Wright
et al. 2018; Oboite and Comeau 2021), thereby further limiting the growth of smaller trees. To
select the climatic variables to be used in the modifier model, variable selection in R version
4.1.1 (R Core Team 2021) using package ‘leaps’ (Thomas Lumley based on Fortran code by
Alan Miller 2020) was performed. The ‘regsubset’ function in Package ‘leaps’ runs an
exhaustive search, either backward or forward, or sequential replacement to select best subsets of
predictor variables in linear regression based on Adjusted-𝑅 2 (Adj-𝑅 2 ) (Equation 3.19).
𝐴𝐷𝐺𝑖 = 𝑓(𝑋𝑖 , 𝛽𝑖 , 𝐶𝑖 , 𝛼𝑖 ) + ℰ𝑖

(3.19)

where, 𝐴𝐷𝐺𝑖 is a vector of the ith diameter growth measurement; 𝑓 is the linear diameter growth
equation; 𝑋𝑖 is the vector of selected tree and plot level predictor variables; 𝐶𝑖 is a vector of
climatic variables (Table 3.3); 𝛽𝑖 is a vector of coefficients of respective 𝑋𝑖 ; 𝛼𝑖 is a vector of
coefficient of respective 𝐶𝑖 ; and ℰ𝑖 is the error term.

3.3.2.1

Mixed effect models
Statistical models that use both fixed and random effects are common in forestry and

other biosciences (Wolfinger 1999). For example, these models are used in the analysis of
nonlinear growth data (Palmer et al. 1991), which are measured repeatedly over time on the same
tree (Sainz et al. 2005). After selecting the best climate insensitive diameter growth model for
each species and species group, nonlinear mixed effect models (NLME) were fitted by
incorporating plot-specific random effects to account for the variability associated with the FIA
plots.
The mixed-effect model was fitted using the ‘nlme’ package (Pinheiro et al. 2022) in R
and a general expression for an NLME model can be defined as Equation (3.20) (Vonesh and
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Chinchilli 1997). Oboite and Comeau (2021) used a mixed effect modeling approach to develop
a climate sensitive diameter growth model, which was significantly better than the model fit
statistics and residual plots for the comparable fixed-effect model. Residual plots of the models
were visually assessed to evaluate the model assumptions.
𝑌𝑖 = 𝑓(𝑋𝑖 , 𝛼, 𝛽𝑖 ) + ℰ𝑖

(3.20)

where, 𝑌𝑖 is a vector of ith diameter growth measurement; 𝑓 is the selected diameter growth
equation form; 𝑋𝑖 ’s are the selected predictor variables; α is a vector of fixed-effects parameters;
βi is a vector of random-effects parameters which is associated with the FIA plot in our case; and
ℰ𝑖 is the error term.
3.4

Model evaluation and validation
The growth models were cross validated to compare and select the best model. The entire

dataset was randomly split into two parts, with 75% for model development and 25% for
validation. The cross-validation process was repeated 10 times. For the logarithmic models, the
back transformed predicted values were multiplied by the correction factor (CF) which is given
in Equation (3.21) to correct for the log transformation bias (Flewelling and Pienaar 1981).
𝑀𝑆𝐸
)
2
where, MSE is the mean square error of the log-transformed model.
𝐶𝐹 = 𝑒𝑥𝑝 (

(3.21)

Validation data were then used to calculate model fit statistics that included mean
difference (MD, cm), mean absolute difference (MAD, cm), fit index (FI), and root mean
squared error (RMSE, cm) to determine the accuracy of model estimations (Equation 3.22 –
Equation 3.25). Models that had smaller values of MD, MAD, and RMSE and higher values of
FI were preferred as the best fit model.
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Mean difference (MD)
𝑛

𝑦𝑖 − 𝑦̂𝑖
)
𝑛

(3.22)

|𝑦𝑖 − 𝑦̂𝑖 |
)
𝑛

(3.23)

𝑀𝐷 = ∑ (
𝑖=1

Mean absolute difference (MAD)

𝑛

𝑀𝐴𝐷 = ∑ (
𝑖=1

Fit index (FI)

𝐹𝐼 = 1 − (
Root mean square error (RMSE)

∑𝑛𝑖=1(𝑦𝑖 − 𝑦̂𝑖 )2
∑𝑛𝑖=1(𝑦𝑖 − 𝑦𝑖 )

2)

(3.24)

∑𝑛𝑖=1(𝑦𝑖 − 𝑦̂𝑖 )2
(3.25)
𝑛
𝑦𝑖 and 𝑦̂𝑖 are observed and predicted values of the dependent variable; 𝑦̅ is the mean of
𝑅𝑀𝑆𝐸 = √

the dependent variable; and n is the number of observations.
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CHAPTER IV
RESULTS
4.1

Climate insensitive models
Parameter estimate, standard error, and Adjusted-𝑅 2 (Adj-𝑅 2 ) of selected models for

each species and species group was evaluated. Best performing climate insensitive diameter
growth models were selected based on the cross validation results of model fit statistics (MD,
MAD, FI, and RMSE) of each species and species group. Residual plots of each candidate model
were visually investigated to assess the best distribution of residuals.
4.1.1

Loblolly pine
Among all candidate models for loblolly pine, model LOB4 was the best fitted model for

our data with Adj-𝑅 2 0.44 (Table 4.1). For LOB4, height and site index had a negative relation
whereas crown ratio had a significant positive relation with the diameter growth of loblolly pine.
𝑄𝑀𝐷

Similarly, the distance independent competition factor ( 𝐷𝐵𝐻 ) significantly influenced the
diameter growth of the loblolly pine (Table 4.1).
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Table 4.1

Parameter estimates, standard errors (SE), p-values, and Adj-𝑅 2 for selected
climate insensitive diameter growth models fitted for loblolly pine.

Model
LOB1
(Adj-𝑅 2 - 0.39)

LOB2
(Adj-𝑅 2 - 0.43)

LOB3
(Adj-𝑅 2 - 0.39)

LOB4
(Adj-𝑅 2 - 0.44)

Variable
Intercept

Parameter
𝑏1

Estimate
-6.0470

SE
0.3672

p-value
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝐷𝐵𝐻 2
𝑙𝑛(𝐶𝑅)
𝑃𝐶𝑇
𝐶𝐶𝐹
Intercept

𝑏2
𝑏3
𝑏4
𝑏5
𝑏6
𝑏1

1.0880
0.0015
1.1190
0.7814
-195.80
-3.5626

0.2330
0.0004
0.0502
0.0815
47.84
0.3875

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝑙𝑛(𝐶𝑅)
𝐶𝐶𝐹
𝑅𝐸𝐿𝐻𝑇
𝑄𝑀𝐷
(
)
𝐷𝐵𝐻
𝑙𝑛(𝐻)
Intercept

𝑏2
𝑏3
𝑏4
𝑏5
𝑏6

1.2715
0.7870
-30.6336
0.6293
-0.1264

0.1583
0.0613
6.0051
0.1249
0.0555

<0.0001
0.0017
<0.0001
<0.0001
0.0229

𝑏7
𝑏1

-1.1879
-21.8682

0.1078
2.9403

<0.0001
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝑙𝑛(𝐶𝐶𝐹)
𝑃𝐶𝑇
𝑙𝑛(𝐶𝑅)
𝐷𝐵𝐻

𝑏2
𝑏3
𝑏4
𝑏5
𝑏1

2.4815
-2.5331
0.5604
0.8062
0.3930

0.4094
0.3866
0.0554
0.0374
0.0730

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

𝐻
𝑄𝑀𝐷
(
)
𝐷𝐵𝐻
𝐶𝑅
𝑆𝐼

𝑏2
𝑏3

-0.8307
0.4453

0.0680
0.0497

<0.0001
<0.0001

𝑏4
𝑏5

0.4370
-0.1847

0.0376
0.0452

<0.0001
<0.0001

LOB4 showed a better distribution of residuals, both below and above the zero line
(Figure 4.1) compared to the other three models. On the other hand, residuals obtained from
models LOB1 and LOB2 showed heteroscedastic nature and they have smaller residuals with
increasing fitted values. LOB3 also had better distribution with only a few large residual values.
31

Figure 4.1

Standardized residuals of diameter growth for selected climate insensitive diameter
growth models of loblolly pine.

Table 4.2 tabulates the overall model evaluation statistics for all the fitted models. A
similar value of MD (0.06) for LOB1 and LOB2 and MD (0.01) for LOB3 and LOB4 were
observed. Evaluation statistics showed model LOB4 had the best fit with low MD (0.01), MAD
(0.26), RMSE (0.33), and high FI (0.44) in comparison with the other three models. Therefore,
this study selected LOB4 as the best climate insensitive model for loblolly pine and used the
same model in developing climate sensitive model.
Table 4.2

Cross validation results for comparison and selection of best climate insensitive
diameter growth model of loblolly pine.
Model

CF

MD

MAD

FI

RMSE

LOB1

Response
variable
ln(ADG)

1.19

0.06

0.29

0.27

0.38

LOB2

ln(ADG)

1.17

0.06

0.28

0.33

0.36

LOB3

ADG

-

0.01

0.27

0.39

0.34

LOB4

ADG

-

0.01

0.26

0.44

0.33
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4.1.2

Softwood species group
Although all parameter estimates of all four models were statistically significant at 0.05

level of significance, model SFT1 had the highest value of Adj-𝑅 2 (0.24) (Table 4.3). For SFT1,
a positive relation of crown ratio (CR) and plot basal area of the trees larger than a subject tree
(PBAL) with annual diameter growth of softwood species was observed. However, basal area
per hectare (BAPH) had a negative effect on the diameter growth (Table 4.3).
Table 4.3

Parameter estimates, standard errors (SE), p-values, and Adj-𝑅 2 for selected
climate insensitive diameter growth models fitted for softwood species group.

Model
SFT1
(Adj-𝑅 2 - 0.24)

SFT2
(Adj-𝑅 2 - 0.16)

SFT3
(Adj-𝑅 2 - 0.11)

Variable
1
(
)
𝐷𝐵𝐻 2
𝐶𝑅
𝑃𝐵𝐴𝐿
𝐵𝐴𝑃𝐻
Intercept

Parameter
𝑏1

Estimate
11.3867

SE
5.6066

p-value
0.0431

𝑏2
𝑏3
𝑏4
𝑏1

0.0422
0.1560
-0.0237
-2.1698

0.0051
0.0134
0.0036
0.5051

<0.0001
<0.0001
<0.0001
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝑃𝐶𝑇
𝑙𝑛(𝐶𝑅)
𝐻

𝑏2
𝑏3
𝑏4
𝑏1

-0.1954
0.7389
0.4573
-0.2302

0.0792
0.1539
0.1364
0.1209

0.0414
<0.0001
<0.0001
0.0577

𝑄𝑀𝐷
)
𝐷𝐵𝐻
𝐶𝑅
𝑆𝐼
Intercept

𝑏2

0.2486

0.0939

0.0078

𝑏3
𝑏4
𝑏1

0.5935
-0.6488
0.1860

0.1245
0.1932
0.0419

<0.0001
<0.0001
<0.0001

𝐷𝐵𝐻
𝑄𝑀𝐷
𝐶𝑅

𝑏2
𝑏3
𝑏4

0.3564
-0.0342
0.0193

0.0876
0.0074
0.0050

<0.0001
<0.0001
<0.0001

(

SFT4
(Adj-𝑅 2 - 0.17)

Standardized residual for annual diameter growth of softwood species models is plotted
against the fitted values in Figure 4.2. Residuals obtained from models SFT1, SFT2, and SFT4
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showed good residual distribution, both below and above the zero line (Figure 4.2) with few
larger residual values. However, the residual distributions for SFT3 showed heteroscedastic
nature as residuals were increasing with the increase in annual diameter growth.

Figure 4.2

Standardized residuals of diameter growth for selected climate insensitive diameter
growth models of the softwood species group.

The cross validation result of all four models supported SFT1 as the best fitted model for
this data. The MD of SFT1 was approximately zero, MAD and RMSE were quite low compared
to the other three models and SFT1 also had the highest value of FI. Considering the results from
parameter estimates (Table 4.3), nature of residuals (Figure 4.2), and cross validation results
(Table 4.4), SFT1 was selected as the best climate insensitive model for the softwood species
group.
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Table 4.4

Cross validation results for comparison and selection of best climate insensitive
diameter growth model for the softwood species group.
Model

4.1.3

MD

MAD

FI

RMSE

SFT1

Response
variable
ADG

0.00

0.20

0.26

0.25

SFT2

ADG

0.00

0.20

0.16

0.27

SFT3

ADG

0.01

0.21

0.11

0.28

SFT4

ADG

0.01

0.20

0.19

0.27

Sweetgum
For sweetgum, none of the models explained much of a variation in the data as shown by

the low Adj-𝑅 2 values ranging from 0.10-0.12 (Table 4.5). However, all model parameters were
statistically significant at the 0.05 level of significance. Among all, model SWT3 had the highest
value of Adj-𝑅 2 (0.12). In model SWT3, DBH and CR had a positive relationship with the
diameter growth of sweetgum whereas dominant height (HD) negatively influenced the diameter
growth.
Table 4.5

Parameter estimates, standard errors (SE), p-values, and Adj-𝑅 2 for selected
climate insensitive diameter growth models for sweetgum.

Model

Variable

Parameter

Estimate

SE

p-value

SWT1
(Adj-𝑅 2 -0.10)

(

1
)
𝐷𝐵𝐻 2
𝐶𝑅
𝑃𝐵𝐴𝐿
𝐵𝐴𝑃𝐻
Intercept

𝑏1

10.6331

3.2447

0.0012

𝑏2
𝑏3
𝑏4
𝑏1

0.0153
0.1133
-0.0260
14.4175

0.0032
0.0103
0.0042
2.4709

<0.0001
<0.0001
<0.0001
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝑙𝑛(𝐶𝐶𝐹)
𝑃𝐶𝑇

𝑏2
𝑏3
𝑏4

-1.9934
2.4838
0.4865

0.3206
0.4003
0.1421

<0.0001
<0.0001
<0.0001

SWT2
(Adj-𝑅 2 -0.10)
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Table 4.5 (continued)
Model

Variable

Parameter

Estimate

SE

p-value

SWT3
(Adj-𝑅 2 -0.12)

Intercept

𝑏1

-1.5264

0.2351

<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝐶𝑅
𝐻𝐷
Intercept

𝑏2
𝑏3
𝑏4
𝑏1

0.3233
0.0145
-0.0342
-2.3127

0.0783
0.0032
0.0068
0.5620

<0.0001
<0.0001
<0.0001
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
√𝐵𝐴𝑃𝐻
𝐻𝐷
𝐶𝑅

𝑏2
𝑏3
𝑏4
𝑏5

0.2769
0.6712
-0.2740
-0.1786

0.0765
0.1397
0.1303
0.0446

<0.0001
<0.0001
0.0360
<0.0001

SWT4
(Adj-𝑅 2 -0.10)

Figure 4.3 depicts the residuals of annual diameter growth obtained by fitting the selected
models for sweetgum. Residuals' distribution for all the models showed heteroscedastic
properties. However, SWT3 had few larger residuals values than other models.

Figure 4.3

Standardized residuals of diameter growth for selected climate insensitive diameter
growth models of sweetgum.
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Evaluation statistics for the sweetgum models are given in Table 4.6. Values of RMSE
for all four models were equal. Also, the values of MD and MAD were similar ranging between
0.00-0.01 and 0.23-0.24, respectively (Table 4.6). However, the FI for models SWT2 and SWT3
was higher than the other two models. As such, based on the evaluation of the residual plot,
SWT3 was selected for developing the climate sensitive growth model of sweetgum.
Table 4.6

Cross validation results for comparison and selection of best climate insensitive
diameter growth model of sweetgum.
Model

4.1.4

MD

MAD

FI

RMSE

SWT1

Response
variable
ADG

0.00

0.24

0.08

0.31

SWT2

ADG

0.01

0.23

0.11

0.31

SWT3

ADG

0.01

0.23

0.11

0.31

SWT4

ADG

0.00

0.24

0.10

0.31

Hardwood species group
Selected candidate models for other hardwood species groups better fit our data. For

example, the values of Adj-𝑅 2 ranged between 0.23-0.33, where model HRD3 had the highest
value of Adj-𝑅 2 (Table 4.7). All model parameters were significant at 0.05 level of significance.
For our model HRD3, variables DBH, percentile distribution of tree basal area (PCT), and CR
positively influenced the diameter growth, but crown competition factor (CCF) had a negative
influence.
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Table 4.7

Parameters estimates, standard errors (SE), p-values, and Adj-𝑅 2 for selected
climate insensitive diameter growth models for hardwood species group.

Model

Variable

Parameter

Estimate

SE

p-value

HRD1
(Adj-𝑅 2 - 0.31)

Intercept

𝑏1

-4.6968

0.4609

<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝐷𝐵𝐻 2
𝑙𝑛(𝐶𝑅)
𝑃𝐶𝑇
𝐶𝐶𝐹
Intercept

𝑏2
𝑏3
𝑏4
𝑏5
𝑏6
𝑏1

0.5957
0.0002
0.5610
0.6994
-28.4505
-5.5264

0.0981
0.0001
0.1345
0.1760
5.6750
0.6429

<0.0001
0.0154
<0.0001
<0.0001
<0.0001
<0.0001

ln(𝐷𝐵𝐻)
𝑙𝑛(𝐶𝑅)
𝐶𝐶𝐹
𝑅𝐸𝐿𝐻𝑇
𝑄𝑀𝐷
(
)
𝐷𝐵𝐻
𝑙𝑛(𝐻)
Intercept

𝑏2
𝑏3
𝑏4
𝑏5
𝑏6

0.8825
0.5860
-19.6486
1.7723
0.1152

0.1890
0.1372
4.8581
0.2867
0.0427

<0.0001
<0.0001
<0.0001
<0.0001
0.0073

𝑏7
𝑏1

-0.4435
-7.6988

0.2108
1.1279

0.0360
<0.0001

𝑙𝑛(𝐷𝐵𝐻)
𝑙𝑛(𝐶𝐶𝐹)
𝑃𝐶𝑇
𝑙𝑛(𝐶𝑅)
Intercept

𝑏2
𝑏3
𝑏4
𝑏5
𝑏1

0.7316
-0.5879
0.4186
0.6174
0.1118

0.1373
0.1462
0.1408
0.1383
0.0302

<0.0001
<0.0001
0.0031
<0.0001
0.0002

𝐷𝐵𝐻
√𝐷𝐵𝐻
𝐵𝐴𝑃𝐻
𝐷𝐵𝐻
(
)
𝐻𝐷

𝑏2
𝑏3
𝑏4
𝑏5

0.7981
-0.2575
-0.0094
0.3471

0.2487
0.1290
0.0044
0.1299

0.0014
0.0465
0.0324
0.0078

HRD2
(Adj-𝑅 2 - 0.28)

HRD3
(Adj-𝑅 2 - 0.33)

HRD4
(Adj-𝑅 2 - 0.23)

HRD3 had a more favorable distribution of residuals property than other models (Figure
4.4). Residual distributions for HRD1, HRD2 showed heteroscedastic nature and they have
smaller residuals with increasing fitted values.
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Figure 4.4

Standardized residuals of diameter growth for selected climate insensitive diameter
growth models of the hardwood species group.

Cross validation results showed that models HRD2 and HRD3 explained around 28% of
the variation (Table 4.8). However, the MD for model HRD3 (0.01) is slightly lower than that of
HRD2 (0.03). Thus, HRD3 was selected for further development of climate sensitive model for
the other hardwood species group.
Table 4.8

Cross validation results for comparison and selection of best climate insensitive
growth model of the hardwood species group.
Model

CF

MD

MAD

FI

RMSE

HRD1

Response
variable
ln(ADG)

1.36

0.04

0.19

0.25

0.24

HRD2

ln(ADG)

1.34

0.03

0.19

0.28

0.24

HRD3

ADG

-

0.01

0.19

0.28

0.24

HRD4

ADG

-

0.01

0.20

0.16

0.25
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4.2

Climate sensitive models
Best performing climate insensitive models for each species and species group were

modified to include multiplicative climate modifiers. After performing variable selection in R
version 4.1.1 (R Core Team 2021), climate variables (Table 3.3) related to precipitation,
temperature, and vapor pressure of the current climate (1981- 2010) were selected as a climate
modifier for each species and species group. All model parameters were significant at 0.05 level
of significance. The inclusion of the FIA plot as a random effect improved the climate sensitive
diameter growth models for each species and species group, evidenced by a larger FI value and
better distribution of residuals.
4.2.1

Loblolly pine
The best fit climate insensitive model for loblolly pine i.e., LOB4 is the composite model

which is generally common for deriving growth models (Wykoff 1990; Weiskittel et al. 2007;
Pokharel and Froese 2009). This model includes tree size, site, and tree competition effect. In
addition, the effects of the climatic variables in the growth model were explored by adding the
climatic variables (Table 3.3) to the existing model. After performing variable selection, the
mean temperature of the coldest month (MTCM), the natural log of MTWM (mean temperature
of the warmest month), and the natural log of SUPB (summer precipitation balance) were
selected as climatic variables and then added as a potential modifier in the selected climate
insensitive model (LOB4). Equation (4.1) is the selected climate insensitive model for potential
growth and Equation (4.2) is the climate modifier.
𝐶𝑙𝑖𝑚_𝑃𝐺 = 𝐷𝐵𝐻𝑏1 ∗ 𝐻𝑏2 ∗ exp (𝑏3 ∗ (1 −

𝑄𝑀𝐷
)) ∗ 𝐶𝑅𝑏4 ∗ 𝑆𝐼𝑏5
𝐷𝐵𝐻

𝐶𝑙𝑖𝑚_𝑀𝑂𝐷 = 𝑒𝑥𝑝((𝑏6 ∗ 𝑀𝑇𝐶𝑀) + (𝑏7 ∗ 𝑙𝑛(𝑀𝑇𝑊𝑀) + (𝑏8 ∗ 𝑙𝑛(𝑆𝑈𝑃𝐵)))
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(4.1)
(4.2)

Equation (4.1) and Equation (4.2) were then combined to get the climate sensitive
diameter growth model for loblolly pine (Equation 4.3).
𝑄𝑀𝐷
)) ∗ 𝐶𝑅𝑏4 ∗ 𝑆𝐼𝑏5
𝐷𝐵𝐻
∗ 𝑒𝑥𝑝((𝑏6 ∗ 𝑀𝑇𝐶𝑀) + (𝑏7 ∗ 𝑙𝑛(𝑀𝑇𝑊𝑀)) + (𝑏8 ∗ 𝑙𝑛(𝑆𝑈𝑃𝐵)))

𝐶𝑙𝑖𝑚_𝐿𝑂𝐵 = 𝐷𝐵𝐻𝑏1 ∗ 𝐻𝑏2 ∗ 𝑒𝑥𝑝 (𝑏3 ∗ (1 −

(4.3)

SI in Equation (4.3) was not significant, so we dropped that variable. The final climate
sensitive model for loblolly pine is in the form of Equation (4.4).
𝑄𝑀𝐷
)) ∗ 𝐶𝑅𝑏4
𝐷𝐵𝐻
∗ 𝑒𝑥𝑝((𝑏5 ∗ 𝑀𝑇𝐶𝑀) + (𝑏6 ∗ 𝑙𝑛(𝑀𝑇𝑊𝑀)) + (𝑏7 ∗ 𝑙𝑛(𝑆𝑈𝑃𝐵)))

𝐶𝑙𝑖𝑚_𝐿𝑂𝐵 = 𝐷𝐵𝐻𝑏1 ∗ 𝐻𝑏2 ∗ 𝑒𝑥𝑝 (𝑏3 ∗ (1 −

(4.4)

where, 𝐶𝑙𝑖𝑚_𝐿𝑂𝐵 the climate sensitive annual diameter growth model for loblolly pine.
Parameter estimates, standard error, and p-values for the climate sensitive loblolly pine
diameter growth model (𝐶𝑙𝑖𝑚_𝐿𝑂𝐵) are given in Table 4.9. The addition of climatic variables
slightly improved the model when compared with the climate insensitive variant (Adj-𝑅 2 = 0.46
vs 0.44). All model parameters were statistically significant at the 0.05 level of significance. The
negative influence of summer precipitation balance (SUPB; b7 = -1.2345) and mean temperature
of the warmest month (MTWM, b6 = -0.7856) on diameter growth of loblolly pine was observed.
𝑄𝑀𝐷

The regression coefficients associated with variables DBH, H, ( 𝐷𝐵𝐻 ), and CR when compared
with the best fitted climate insensitive model (LOB4) followed the same direction but slightly
decreased in magnitude for variables H (-0.831 vs -0.756),

𝑄𝑀𝐷
𝐷𝐵𝐻

(0.445 vs 0.374); slightly

increased for CR (0.437 vs 0.593) and remained almost same for DBH (Table 4.1 and Table 4.9).
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Table 4.9

Parameter estimates, standard errors (SE), and p-values of climate sensitive
diameter growth model of loblolly pine given by Equation (4.4).
Variable
𝐷𝐵𝐻
𝐻
𝑄𝑀𝐷
(
)
𝐷𝐵𝐻
𝐶𝑅
𝑀𝑇𝐶𝑀
𝑙𝑛(𝑀𝑇𝑊𝑀)
𝑙𝑛(𝑆𝑈𝑃𝐵)

4.2.2

Parameter
𝑏1
𝑏2
𝑏3

Estimate
0.3962
-0.7560
0.3741

SE
0.0705
0.0678
0.0474

p-value
<0.0001
<0.0001
<0.0001

𝑏4
𝑏5
𝑏6
𝑏7

0.5928
0.1302
-0.7856
-1.2345

0.0463
0.0160
0.0867
0.1910

<0.0001
<0.0001
<0.0001
<0.0001

Softwood species group
To add climatic variables as a modifier on the best fitted climate insensitive model for

softwood i.e., SFT1, this study performed a statistical selection of climatic variables (Table 3.3)
in R version 4.1.1 (R Core Team 2021). Variables selected were then added as a modifier in the
base model. The selected variables were the natural log of GSP (growing season precipitation)
and VPDmin (daily minimum vapor pressure deficit). The climate sensitive diameter growth
model for the softwood species group (slash pine, shortleaf pine, and longleaf pine) is given in
Equation (4.5).
𝐶𝑙𝑖𝑚_𝑆𝐹𝑇 = 𝑒𝑥𝑝 (−𝑏1 ∗ (

1
))
𝐷𝐵𝐻 2

∗ 𝑒𝑥𝑝 ((𝑏2 ∗ (𝐶𝑅 − 4)) + (𝑏3 ∗ (𝑃𝐵𝐴𝐿 − 11.5))

(4.5)

+ (𝑏4 ∗ (𝐵𝐴𝑃𝐻 − 23)) + (𝑏5 ∗ 𝑙𝑛(𝐺𝑆𝑃)) + (𝑏6 ∗ 𝑉𝑃𝐷𝑚𝑖𝑛))

When the climatic variables were added to the model, PBAL in Equation (4.5) was not
significant and was dropped from the model. Our final climate sensitive model for the softwood
species group was in the form of Equation (4.6).
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𝐶𝑙𝑖𝑚_𝑆𝐹𝑇 = 𝑒𝑥𝑝 (−𝑏1 ∗ (

1
))
𝐷𝐵𝐻 2

∗ 𝑒𝑥𝑝 ((𝑏2 ∗ (𝐶𝑅 − 4)) + (𝑏3 ∗ (𝐵𝐴𝑃𝐻 − 23)) + (𝑏4 ∗ 𝑙𝑛(𝐺𝑆𝑃))

(4.6)

+ (𝑏5 ∗ 𝑉𝑃𝐷𝑚𝑖𝑛))
where, 𝐶𝑙𝑖𝑚_𝑆𝐹𝑇 is the climate sensitive annual diameter growth for the softwood species
group.
While all model parameters were statistically significant in the climate sensitive model,
the value of Adj-𝑅 2 for this model (0.20) slightly dropped from that of the best insensitive model
(0.24). Variables BAPH and GSP had a negative influence on the diameter growth of softwood
species. Other common variables in both sensitive and insensitive models had the same direction
and the coefficients did not vary much (Table 4.3 and 4.10). Daily minimum vapor pressure
deficit (VPDmin) had a positive effect on the diameter growth of the softwood species.
Table 4.10

Parameter estimates, standard errors (SE), and p-values of climate sensitive
diameter growth model of softwood species group given by Equation (4.6).
Variable
1
(
)
𝐷𝐵𝐻 2
𝐶𝑅
𝐵𝐴𝑃𝐻
𝑙𝑛(𝐺𝑆𝑃)
𝑉𝑃𝐷𝑚𝑖𝑛

4.2.3

Parameter
𝑏1

Estimate
15.7450

SE
5.2080

p-value
0.0027

𝑏2
𝑏3
𝑏4
𝑏5

0.0256
-0.0173
-0.2690
0.8343

0.0047
0.0039
0.0236
0.1766

<0.0001
<0.0001
<0.0001
<0.0001

Sweetgum
SWT3 was selected as the best climate insensitive model for sweetgum, therefore climate

modifiers were added to this model to make it climate sensitive. Selected climatic variables for
the model after performing variable selection were the natural log of SUPB (summer
precipitation balance) and the natural log of MTCM (mean temperature of coldest months). The
climate sensitive model form of sweetgum is given in the form of Equation (4.7).
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𝐶𝑙𝑖𝑚_𝑆𝑊𝑇 = 𝑒𝑥𝑝 (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝐶𝑅) + (𝑏4 ∗ 𝐻𝐷)
+ (𝑏5 ∗ 𝑙𝑛(𝑀𝑇𝐶𝑀)) + (𝑏6 ∗ 𝑙𝑛(𝑆𝑈𝑃𝐵)))
where, 𝐶𝑙𝑖𝑚_𝑆𝑊𝑇 is the climate sensitive annual diameter growth for sweetgum

(4.7)

Parameter estimates and standard errors (SE) for the climate sensitive model for
sweetgum are given in Table 4.11. All model parameters were statistically significant at the 0.05
level. The Adj-𝑅 2 for this model was 0.15 which is relatively low compared to models for other
species. The direction and magnitude of common parameters in climate sensitive and insensitive
models were quite similar (Table 4.11 and Table 4.5) for sweetgum. The natural log of SUPB
negatively influenced whereas the natural log of MTCM positively influenced the diameter
growth of sweetgum.
Table 4.11

Parameter estimates, standard errors (SE), and p-values of climate sensitive
diameter growth model of sweetgum given by Equation (4.7).
Variable
Intercept
𝑙𝑛(𝐷𝐵𝐻)
𝐶𝑅
𝐻𝐷
𝑙𝑛(𝑀𝑇𝐶𝑀)
𝑙𝑛(𝑆𝑈𝑃𝐵)

4.2.4

Parameter
𝑏1
𝑏2
𝑏3
𝑏4
𝑏5
𝑏6

Estimate
-3.5658
0.3229
0.0137
-0.0337
0.7715
-1.9562

SE
0.7229
0.0704
0.0029
0.0061
0.2946
0.4419

p-value
<0.0001
<0.0001
<0.0001
<0.0001
0.0091
<0.0001

Hardwood species group
Mean minimum temperature (Tmin), natural log of SUPB and the natural log of MTWM

were the selected climatic predictors for the hardwood species group (southern red oak, red
maple, and water oak). The climate sensitive model for the hardwood species group had the
following form shown in Equation 4.8. Parameter estimates and their standard errors for this
model are given in Table 4.12.
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𝐶𝑙𝑖𝑚_𝐻𝑅𝐷 = 𝑒𝑥𝑝 (𝑏1 + (𝑏2 ∗ 𝑙𝑛(𝐷𝐵𝐻)) + (𝑏3 ∗ 𝑙𝑛(𝐶𝐶𝐹)) + (𝑏4 ∗ 𝑃𝐶𝑇)
(4.8)

+ (𝑏5 ∗ 𝑙𝑛(𝐶𝑅)) + (𝑏6 ∗ 𝑇𝑚𝑖𝑛) + (𝑏7 ∗ 𝑙𝑛(𝑆𝑈𝑃𝐵))
+ (𝑏8 ∗ 𝑙𝑛(𝑀𝑇𝑊𝑀)))
where, 𝐶𝑙𝑖𝑚_𝐻𝑅𝐷 is the climate sensitive annual diameter growth for hardwood species
All model parameters were significant at 0.05 level of significance (Table 4.12).

Variables CCF, SUPB, and MTWM had negative effects on the diameter growth of hardwood
species. Among the climatic variables, MTWM had a negative effect on diameter growth with
the highest magnitude (b8 = -13.015) (Table 4.12). Variables DBH, PCT, CR, and Tmin had a
significant positive influence on the diameter growth. All the non-climatic variables coefficients
(b2-b5) for both climate sensitive and insensitive models, had the same sign. However, the
coefficient of variable DBH slightly decreased for the climate sensitive model (0.664 vs 0.732)
and the coefficient of other variables were similar when compared with the climate insensitive
model (Table 4.7 and Table 4.12). In addition, the Adj-𝑅 2 was also similar for both the climate
insensitive (0.33) and climate sensitive (0.32) models.
Table 4.12

Parameter estimates, standard errors (SE), and p-values of climate sensitive
diameter growth model of hardwood species group given by Equation (4.8).

Variable
Intercept
𝑙𝑛(𝐷𝐵𝐻)
𝑙𝑛(𝐶𝐶𝐹)
𝑃𝐶𝑇
𝑙𝑛(𝐶𝑅)
𝑇𝑚𝑖𝑛
𝑙𝑛(𝑆𝑈𝑃𝐵)
𝑙𝑛(𝑀𝑇𝑊𝑀)
4.2.5

Parameter
𝑏1
𝑏2
𝑏3
𝑏4
𝑏5
𝑏6
𝑏7
𝑏8

Estimate
31.2414
0.6639
-0.5281
0.4388
0.6386
0.3606
-1.6469
-13.0152

SE
15.3254
0.1383
0.1505
0.1392
0.1388
0.0836
0.3683
4.8870

p-value
0.0421
<0.0001
<0.0001
0.0018
<0.0001
<0.0001
<0.0001
0.0080

Mixed effect models
Inclusion of the FIA plot as a random effect and other predictors as a fixed effect

produced better evaluation statistics for climate sensitive models (Table 4.13). The use of the
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NLME approach improved the FI for each of all models. The model for loblolly pine had the
highest fit index (0.59) whereas the softwood species group model had the lowest fit index (0.28)
for mixed effect models. There was an overall increase of 13%, 24%, and 12% in FI for loblolly
pine, hardwood species, and softwood species respectively over the NLS approach of modeling.
The highest improvement was observed for sweetgum where the NLME approach improved FI
by 38% over the NLS approach.
The NLME approach reduced the MAD by 0.04, 0.02, 0.04, and 0.03 when compared
with the MAD from the NLS approach for loblolly pine, softwood species, sweetgum, and
hardwood species respectively. Similarly, we observed a reduction in RMSE of 0.04, 0.02, 0.05,
and 0.05 for loblolly pine, softwood species, sweetgum, and hardwood species respectively when
using the NLME approach to estimate model parameters. Reduction in MD was almost the same
for all species and species groups when the NLME approach was used.
Table 4.13

Cross validation results for comparison of fixed (NLS) vs mixed (NLME) effect
climate sensitive diameter growth model of each species and species group.

Species
Loblolly pine

Model
𝐶𝑙𝑖𝑚_𝐿𝑂𝐵𝑁𝐿𝑆
𝑪𝒍𝒊𝒎_𝑳𝑶𝑩𝑵𝑳𝑴𝑬

MD
0.01
0.01

MAD
0.26
0.22

FI
0.46
0.59

RMSE
0.32
0.28

Softwood species group
Sweetgum

𝐶𝑙𝑖𝑚_𝑆𝐹𝑇𝑁𝐿𝑆
𝑪𝒍𝒊𝒎_𝑺𝑭𝑻𝑵𝑳𝑴𝑬
𝐶𝑙𝑖𝑚_𝑆𝑊𝑇𝑁𝐿𝑆

0.01
0.01
0.00

0.18
0.16
0.19

0.16
0.28
0.10

0.22
0.20
0.24

Hardwood species group

𝑪𝒍𝒊𝒎_𝑺𝑾𝑻𝑵𝑳𝑴𝑬
𝐶𝑙𝑖𝑚_𝐻𝑅𝐷𝑁𝐿𝑆

0.01
0.02

0.15
0.18

0.48
0.30

0.19
0.24

𝑪𝒍𝒊𝒎_𝑯𝑹𝑫𝑵𝑳𝑴𝑬

0.02

0.15

0.54

0.19
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Figure 4.5 shows the residuals obtained from NLME and NLS approach. For all species
and species groups, NLME models had better residuals (homogenous and randomly distributed)
in comparison with NLS residuals.

Figure 4.5

Standardized residuals of diameter growth for climate sensitive model with fixed
(NLS) and mixed (NLME) effect modeling approaches.
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CHAPTER V
DISCUSSION AND CONCLUSION
In this study, nonlinear regression models were used to estimate the climate insensitive
diameter growth of loblolly pine, softwood species group, sweetgum, and hardwood species
group. Crown ratio (CR) positively influenced the diameter growth of all species or species
groups studied. CR is the most important predictor of diameter growth, and the growth of
diameter increases with an increase in the proportion of tree height (Lessard et al. 2001). Another
important predictor with a positive influence on diameter growth was the initial DBH. In the case
𝑄𝑀𝐷

of loblolly pine, the addition of the distance independent variable ( 𝐷𝐵𝐻 ) improved the model and
had a positive relationship with diameter growth. Similarly, the inclusion of PCT had a positive
effect on the diameter growth of hardwoods. Cao et al. (2002) and Weiskittel et al. (2007) noted
𝑄𝑀𝐷

similar results for ( 𝐷𝐵𝐻 ) and PCT and explained the results by suggesting that larger trees secure
more site resources thereby facilitating more diameter growth. While larger trees capture a large
amount of resources, they may not be efficient at utilizing the available resource (Binkley 2004).
The overall resource use efficiency of a stand depends on the balance between how efficiently an
individual tree utilizes available resources and their growth rates and competitive ability
(Fernández and Gyenge 2009).
The negative effect of BAPH on the diameter growth of softwood implies that the growth
rate decreases as the stands become crowded (Lessard et al. 2001) and competition for resources
among trees increases. Basal area explains the one-sided competition effect in modeling diameter
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growth (Wykoff 1990; Lessard et al. 2001). However, a positive relationship between PBAL and
diameter growth was observed for softwood species. This result contradicts the previous findings
on diameter growth (Lessard et al. 2001; Cao et al. 2002). This study speculates that the
inclusion of two similar competition indices (BAPH and PABL) might have offset the effect of
PBAL. However, in the climate sensitive model for softwood, PABL was not significant and
BAPH had a significant negative relation with the diameter growth of softwood species. The
diameter growth of sweetgum decreased with an increase in dominant height (HD). Oliver et al.
(1990) explained that in the early life of a tree, overtopped trees die from the competition and
hence plot dominant height increases causing a slowing of diameter growth. In stands having the
same site index, greater dominant height indicates the presence of older trees, which tend to have
a smaller increment in diameter (Sainz et al. 2005). Crown competition negatively affected the
diameter growth of hardwood species suggesting the inter-tree competition dominated by the
tree's position in the vertical stratum and hence, the competition for the light within the vertical
stand profile rather horizontal space at the stand level may have been the driving factor (Lhotka
and Loewenstein 2011).
The best fitting climate insensitive models were used to develop climate sensitive models
for the individual tree diameter growth. The inclusion of climatic variables improved the model
goodness of fit for loblolly pine and made a slight improvement in the model for sweetgum
species. Subedi and Sharma (2013) had similar findings for the composite model when climatic
variables were included. However, climate sensitive model for softwoods decreased the Adj-𝑅 2
compared to the climate insensitive model and that the Adj-𝑅 2 for the two models of hardwood
species were virtually identical. These inconsistencies might arise because this study did not
consider species-specific autecology in the grouping of the softwood and hardwood species.
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Slash pine and shortleaf pine are dominant in drier and sandier sites compared to longleaf pine.
Further, the growth rate of longleaf pine is expected to be slower than the other pines in the
group. As stands mature and the canopy closes, red maple and water oak growth slows due to
competition for light whereas southern red oak is shade intolerant and longer-lived than other
species in the group.
Temperature of the warmest and coldest month, summer precipitation balance, growing
season precipitation, and vapor pressure deficit were the important climatic variables affecting
the diameter growth of trees. However, the overall effects of different climatic variables differed
from species to species. This is because the growth of trees is based on their silvics in addition to
the interaction effect of local abiotic components and the climatic conditions (Yeh and Wensel
2000; Adame et al. 2008).
The mean temperature of the coldest month was positively related to the diameter growth
of loblolly pine and sweetgum whereas the mean minimum temperature had a positive
relationship with the diameter growth of hardwood species. Adame et al. (2008) found no
significant effect of temperature on the growth of hardwood species. On the other hand, Yeh and
Wensel (2000) observed a greater correlation of cool summer temperatures benefitting diameter
growth in coniferous species in Northern California. For softwood species, lower vapor pressure
deficit (lower humidity) had a positive effect on diameter growth. When the temperature is
cooler and less humid, VPD at the leaf surface will be lower and water loss through stomata is
reduced which favors photosynthesis and growth of plants (Day 2000).
The combination of the anticipated rise in temperature and a negative relationship
between diameter growth and mean temperature of the warmest month (MTWM) in loblolly pine
and hardwood species indicated that the tree growth will likely decrease over time. Summer
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temperatures are now exceeding the thermal optimum for photosynthesis and respiration for the
growth of the trees (Way and Oren 2010). A peaked surface describes the response of leaf net
photosynthesis to temperature (Fitter and Hay 2012). The rate of photosynthesis is low at cool
temperatures (0 ºC – 10 ºC), increasing to a maximum rate at optimal temperatures (10 ºC – 20
ºC) and a further increase in temperatures (above 20 ºC) decreased the photosynthetic rate
(Markings 2018). For Mississippi, 30-year-average MTWM ranged from 26.11 ºC to 27.88 ºC
(Table 3.3). D’Arrigo et al. (2004) found a correlation between the decline in growth response
and a threshold summer temperature of 7.8°C for white spruce (Picea glauca), with recent
summers regularly exceeding this temperature in Yukon Territory, Canada. This result was
consistent with the finding of this study that rising summer temperatures lead to reduced growth.
However, trees may respond to an increase in temperatures through physiological acclimation of
both photosynthesis and respiration (Galbraith et al. 2010) and possibly reduce the long-term
effect of increased temperature on growth.
This study observed a negative relationship of summer precipitation balance (SUPB) with
the diameter growth of loblolly pine, sweetgum, and hardwood, and growing season precipitation
(GSP) with the growth of softwood species. This result was consistent with the previous findings
where the diameter growth had a negative relationship with precipitation (Jalilvand et al. 2001;
Adame et al. 2008; Subedi and Sharma 2013). Jalilvand et al. (2001) also found a decrease in
diameter growth with increasing summer rainfall for hardwood species. Mississippi gets more
rainfall during the summer, and it is more humid. Growing season precipitation observed in
Mississippi ranged from 962.7 mm to 1263.2 mm (Table 3.3). In the humid ecosystem, higher
precipitation decreases net primary productivity and reduces soil oxygen level which ultimately
decreases nutrient availability for plant growth (Schuur and Matson 2001). Soil oxygen level
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depends on the amount of water occupied in pore spaces. For this study, the interactions between
soil conditions and climate were not included in the model. Therefore, future studies could
incorporate variables in the model that could explain the interaction between soil condition,
moisture, and climate of the current year, particularly in terms of the ability of different soils to
store water in their pore spaces.
Recent climatic projections show that future temperature is likely to increase across all
seasons and on average more than 30C in summer and 2-3.50C in fall in the USA (Liu et al.
2013). Thus, the higher temperatures in winter are likely to favor diameter growth for loblolly
pine and sweetgum. Similarly, an overall increase in mean minimum temperature all year round
will facilitate diameter growth in hardwoods. Further, Liu et al. (2013) predicted an increase in
winter precipitation but decrease in summer precipitation. The results of this study showed that
higher summer precipitation balance (for loblolly pine, sweetgum, and hardwood) and growing
season precipitation (for softwood) would decrease diameter growth. Thus, the climatic
projection for precipitation also favors the diameter growth of loblolly pine, softwood, and
hardwood in the future. Although the use of climatic factors such as precipitation could
significantly improve growth prediction (Yeh and Wensel 2000), the associated uncertainty in
such projection and failing to consider climatic condition of microsite or considering average
weather conditions could produce misleading results (Kangas 1998; Liu et al. 2013). FIA
locations can have more than a 1.6 km difference from the actual location. The climatic variables
used in this study have 800m × 800m resolution, but the climatic variables for the exact location
might provide higher accuracy. Further, this study did not evaluate the extent of change in
climatic factors that favors the diameter growth of these species. Thus, for better prediction of
future diameter growth based on climatic projection and climate sensitive model, future studies
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could include accurate plot or stand level climatic data with more variables explaining
temperature, precipitation, potential evapotranspiration, wind speed, and vapor pressure.
The inclusion of the plot as a random effect in the mixed effect model improved the fixed
effect climate sensitive model. The use of the NLME technique while fitting equations for
diameter and height growth produced smaller bias and mean square error in other studies (e.g.,
Weiskittel et al. 2007). This study showed that nonlinear climate insensitive models can be
modified to become climate sensitive, using appropriate climatic variables and that a mixed
effect modeling approach can produce more reliable results than the standard fixed-effect model.
Given the uncertainty in climatic impact on growth models, forest management decisions should
integrate climate sensitive models and adaptive management of forests (Littell et al. 2011;
Subedi and Sharma 2013). This model did not include topographical variables (slope, elevation,
and aspect) that could influence diameter growth. Past studies (e.g., Huang et al. 2011) found
that in response to climate change southern counties are likely to experience a larger decrease in
growth than the northern counties. Therefore, the inclusion of such variables and others like soil
texture that indicate microsite conditions, in the diameter growth models could further improve
the model’s predictive power.
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